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Abstract
Background From the clinical point of view, it is impor-
tant to recognize residents’ level of expertise with regard to
basic psychomotor skills. For that reason, surgeons and
surgical organizations (e.g., Acreditation Council for
Graduate Medical Education, ACGME) are calling for
assessment tools that credential residents as technically
competent. Currently, no method is universally accepted or
recommended for classifying residents as ‘‘experienced,’’
‘‘intermediates,’’ or ‘‘novices’’ according to their technical
abilities. This study introduces a classiﬁcation method for
recognizing residents’ level of experience in laparoscopic
surgery based on psychomotor laparoscopic skills alone.
Methods For this study, 10 experienced residents ([100
laparoscopic procedures performed), 10 intermediates (10–
100 procedures performed), and 11 novices (no experience)
performed four tasks in a box trainer. The movements of
the laparoscopic instruments were recorded with the
TrEndo tracking system and analyzed using six motion
analysis parameters (MAPs). The MAPs of all participants
were submitted to principal component analysis (PCA), a
data reduction technique. The scores of the ﬁrst principal
components were used to perform linear discriminant
analysis (LDA), a classiﬁcation method. Performance of
the LDA was examined using a leave-one-out cross-
validation.
Results Of 31 participants, 23 were classiﬁed correctly
with the proposed method, with 7 categorized as experi-
enced, 7 as intermediates, and 9 as novices.
Conclusions The proposed method provides a means to
classify residents objectively as experienced, intermediate,
or novice surgeons according to their basic laparoscopic
skills. Due to the simplicity and generalizability of the
introduced classiﬁcation method, it is easy to implement in
existing trainers.
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A surgeon needs to acquire a certain level of manual
dexterity to perform surgery safely. For this reason, it is
important to assess and classify residents’ skills objectively
during training. Currently, several training simulators used
to train basic laparoscopic skills are commercially avail-
able [1–3]. Additionally, various scoring methods for
assessing laparoscopic skills have been developed [4–6].
However, a method to determine objectively whether a
resident can be called experienced, intermediate, or novice
according to his or her laparoscopic skill does not exist.
From the clinical point of view, it is important to rec-
ognize residents’ level of expertise with regard to basic
M. K. Chmarra (&)   J. C. F. de Winter   F.-W. Jansen  
J. Dankelman
Department of BioMechanical Engineering,
Faculty of Mechanical, Maritime and Materials Engineering
(3mE), Delft University of Technology, Mekelweg 2,
2628 CD Delft, The Netherlands
e-mail: m.k.chmarra@tudelft.nl
S. Klein
Image Sciences Institute, University Medical Center Utrecht,
Utrecht, The Netherlands
S. Klein
Departments of Radiology and Medical Informatics,
Biomedical Imaging Group Rotterdam, Erasmus MC,
Rotterdam, The Netherlands
F.-W. Jansen
Department of Gynecology, Leiden University Medical Center,
Leiden, The Netherlands
123
Surg Endosc (2010) 24:1031–1039
DOI 10.1007/s00464-009-0721-ypsychomotor skills. Surgeons and surgical organizations
(e.g., Acreditation Council for Graduate Medical Educa-
tion, ACGME) are calling for assessment tools that cre-
dential residents as technically competent [7–9]. Because
medical education extends over the lifetime of the surgeon,
those methods would support regular certiﬁcation and
monitoring of the resident’s progress, recertiﬁcation after a
loss of privileges, and maintenance of certiﬁcation [10].
According to the literature, multiple performance mea-
sures exist to assess basic psychomotor skills in laparos-
copy [11–13]. It has been demonstrated that one
performance measure alone does not adequately measure
proﬁciency [14]. Therefore, assessment of psychomotor
skills usually is performed with at least two different out-
come measures [11–13]. However, when measures are used
for examination (in effect to determine whether a resident
is an experienced, intermediate, or novice surgeon), a
passing score (threshold) needs to be deﬁned [15]. It is
difﬁcult to determine when a score is sufﬁcient.
First, assessment is performed using multiple assess-
ment measures. This introduces the question of how to
combine the assessment measures. Second, there is no
‘‘gold standard’’ of surgical competency against which the
validity of a competency assessment can be judged [15].
Third, it is not clear whether a resident should be assessed
on the basis of individual tasks or a composite assessment
of all tasks [16].
Determining the group (e.g., experienced, intermediate,
or novice) to which the resident belongs is called classiﬁ-
cation [17, 18]. In general, classiﬁcation methods put
individual objects into groups according to quantitative
information about the characteristics (‘‘features’’) of the
objects. Linear discriminant analysis (LDA) is a commonly
used statistical technique for data classiﬁcation [17]. In this
study, we investigate whether a classiﬁcation method based
on LDA can be used in laparoscopy to recognize residents’
level of experience objectively (i.e., as experienced, inter-
mediate, or novice) based on his or her psychomotor skills.
The classiﬁcation is based on a set of motion analysis
parameters (MAPs), which are assessment scores derived
from the instruments’ motions during a series of exercises.
The classiﬁcation method consists of two stages: train-
ing and classiﬁcation. In the training phase, the classiﬁca-
tion method learns the distribution of MAPs for the
experienced, intermediate, and novice categories. In the
classiﬁcation phase, the motion analysis data of a new
resident are compared with the previously learned distri-
butions of each group (experienced, intermediate, novice).
The classiﬁcation method then estimates the group to
which the resident most likely belongs. The proposed
method combines MAPs from different exercises without
using pragmatic decisions and therefore avoids the need to
establish a passing score manually for each MAP.
Materials and methods
Participants
For this study, 10 experienced gynecologists ([100 laparo-
scopic surgical procedures performed), 10 gynecologic resi-
dents (10–100 laparoscopic surgical procedures performed),
and 11 medical students (no prior experience in laparoscopic
surgery) were personally invited to participate in this study.
Because no standard method for determining the level of
expertisehasbeenfoundintheliterature,wedecidedtousethe
number of performed laparoscopic surgical procedures as a
cutoff point when forming the ‘‘experienced,’’ ‘‘intermedi-
ate,’’ and ‘‘novice’’ groups. All the participants completed a
short questionnaire detailing demographic information and
prior experience in surgical laparoscopy.
Tasks
Thefourtasksselectedforthisstudyhavebeenvalidatedand
areusedregularlytotraineye–handcoordinationintheskills
lab located in the Department of Gynecology at the Leiden
University Medical Centre in the Netherlands [19, 20]:
• Pipe cleaner. This task required passing a pipe cleaner
through four rings from the left to the right sides of the
rings (Fig. 1A). The pipe cleaner had to be passed
successively through all consecutive rings, starting
from the left-most one. At the end, the pipe cleaner had
to be removed from the rings.
• Rubber band. This task required stretching a rubber
band around 16 nails tacked on a wooden board
(Fig. 1B). There was no predeﬁned order of nails
around which the rubber band had to be stretched.
• Beads. This task required placing of 13 beads at
predeﬁned positions using the instrument with the left
hand (Fig. 1C). The beads had to be placed in a
speciﬁed order (see Fig. 1C). The task was completed
when the beads formed a letter ‘‘B.’’
• Circle. This task required cutting a circle from a rubber
glove stretched over 16 nails tacked on a wooden board
(Fig. 1D). Each participant kept scissors in his or her
dominant hand.
All tests were performed in a box trainer with a built-in
TrEndo tracking system (Fig. 2)[ 21, 22]. We chose to use
a box trainer instead of a virtual reality trainer because it
has a more realistic force feedback. Our previous study
[23] showed that the presence or absence of force feedback
does inﬂuence psychomotor laparoscopic skills when the
executed tasks require application of pulling and pushing
forces (e.g., as in case of the rubber band and circle tasks).
To provide the same conditions for all the participants,
the position of the equipment in the box trainer, the
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123instruments used, and the incision points for the camera
and instruments in the box trainer were identical for
everyone. The start and end positions of the laparo-
scopic instruments, predeﬁned for each task, were the
same for each participant. During the beads test, the
participant held the camera in his or her right hand.
During the pipe cleaner, rubber band, and circle tests,
an assistant held the camera. The assistant was always
the same. The image of a 08 laparoscope was presented
on a monitor.
Fig. 1 Four inanimate tasks for
the laparoscopic box trainer. A
Pipe cleaner. B Rubber band. C
Beads. D Circle
Fig. 2 The TrEndo tracking system for guiding and measuring real
laparoscopic instruments in training setups. A A schematic drawing of
the TrEndo tracking system. The TrEndo allows measurement and
manipulation of the laparoscopic instrument in four degrees of
freedom (DOFs): translation (ﬁrst DOF) and rotation (second DOF) of
the instrument around its axis, and left–right (third DOF) and
forward–backward (fourth DOF) rotations of the instrument around
the incision point. B A box trainer with a built-in TrEndo tracking
system
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The movements of the laparoscopic instruments were
recorded with the TrEndo tracking system in four degrees
of freedom (DOFs): translation (ﬁrst DOF), rotation of the
instrument around a longitudinal axis (second DOF), and
left-right (third DOF) and forward-backward (fourth DOF)
rotations of the instrument around the incision point
(Fig. 2)[ 21, 24].
The recorded data were analyzed using six MAPs. The
ﬁrst four MAPs often are used to assess basic psychomotor
skills in training setups [4, 11–13, 24]. These MAPs are
related to time and the path traveled. The last two MAPs
are new and have been introduced to measure how compact
the instrument’s tip movements are while performing tasks.
The following six MAPs were chosen because time, path
traveled, and compactness of the movement are important
from the clinical point of view:
• Time (T). Total time taken to perform the task (in s).
• Path length (PL). Length of the curve described by the
tip of the instrument while performing the task (in m).
• Depth perception (DP), motion in depth. Total distance
traveled by the instrument along its axis (in m).
• Motion smoothness (MS). A motion analysis parameter
based on the third time-derivative of position, which
represents a change in acceleration (in m/s
3)[ 4, 24].
Before computation of motion smoothness, the raw data
were ﬁltered using a low-pass Butterworth ﬁlter.
• Angular area (AA). A motion analysis parameter
related to the distances between the farthest positions
of the instrument while performing a task. The angular
area is deﬁned as AA ¼ð Max½a  Min½a Þ  
ðMax½b  Min½b Þ in rad2 
; where a is the angular
position of the instrument in the third DOF and b is the
angular position of the instrument in the fourth DOF.
• Volume (V). A motion analysis parameter related to the
distances between the farthest positions of the instru-
ment while performing a task. The volume is deﬁned as
V ¼ AA  ð Max½h  Min½h Þ in mm   rad2 
; where h
is the length of the part of the instrument inserted into
the box trainer (ﬁrst DOF).
For each participant, the MAPs for the left and right
hands were averaged. Hence, a total of 24 MAPs (6
MAPs 9 4 tasks) were obtained for each participant.
Statistical analysis
Explorative statistics on MAPs
Before applying the classiﬁcation method (LDA), the
descriptive statistics of the MAPs were explored. A Krus-
kal–Wallis test was used to compare all three groups. When
a signiﬁcant difference between three groups was found, a
Wilcoxon test was used to identify statistical differences
between each pair of two groups. A p value less than 0.05
was considered to be statistically signiﬁcant. The analysis
was done using the Statistics Toolbox of MATLAB 7.
Classiﬁcation
The study used LDA to automatically determine the
threshold level for classifying a resident as experienced,
intermediate, or novice according to his or her basic psy-
chomotor skills. The LDA needs a training set consisting of
MAPs acquired on participants with known laparoscopic
skills levels. The LDA uses the training data to learn the
distribution of MAPs for people belonging to each class,
namely, experienced, intermediate, and novice. When
MAPs of a new resident are provided, the LDA estimates
the class to which the resident most likely belongs by
comparing the MAPs of the new resident with the previ-
ously trained distribution.
Figure 3 illustrates the method for an imaginary case
with two MAPs: path length and motion smoothness. The
path length is on the horizontal axis, and motion smooth-
ness is on the vertical axis. The E, I, and N symbols in the
graph represent the experienced, intermediate, and novice
classiﬁcations, respectively, in the training set. The distri-
butions of the MAPs for the experienced, intermediate, and
novice classiﬁcations result in a set of decision boundaries,
which indicate the areas in the graph that belong to the
experienced, intermediate, and novice categories.
With this information, classiﬁcation of new residents
based on their MAPs becomes straightforward. The asterisk
(*)inthegraphrepresentsanewresidentwhodidnotbelong
to the training set. The location in the graph deﬁned by its
MAPs determines the classiﬁcation result. In this example,
the new resident is classiﬁed at the intermediate level.
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Fig. 3 An imaginary example of linear discriminant analysis (LDA)
for experienced (E), intermediate (I), and novice (N) residents. The
lines represent the decision boundaries
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123The input data of the algorithm are 24 MAPs (6
MAPs 9 4 tasks) of the participants in the training set and
of a new resident who needs to be classiﬁed. The algorithm
started by normalizing the MAPs. Next, the number of
MAPs was reduced from 24 to 6 by averaging the corre-
sponding MAPs of each task (e.g., an average of the path
lengths obtained from the pipe cleaner, rubber band, beads,
and circle tasks).
To reduce the number of MAPs even further, we used
the well-known principal component analysis (PCA) [18]
using two principal components (see Appendix). The LDA
was used in two ways: for each task separately and for all
four tasks together (average of the corresponding MAPs
from those four tasks).
Leave-one-out cross-validation
Performance of the classiﬁcation methods was examined
using a leave-one-out cross-validation [25, 26]. In each
leave-one-out validation case, one participant was selected
as the test case, and the remaining participants were used as
a training set. This was repeated such that each participant
was used once as a test case, which resulted in 31 leave-
one-out validation cases in this study.
The results of the entire leave-one-out validation can be
presented as a confusion matrix. The confusion matrix
relates the ground truth classiﬁcations to the classiﬁcations
predicted by the LDA.
Results
Explorative statistics on MAPs
The outcomes of the tests performed by experienced,
intermediate, and novice residents are shown in Fig. 4 as
box plots, with time, path length, depth perception, motion
smoothness, angular area, and volume. The results of sta-
tistical analysis showed that there was no signiﬁcant dif-
ference between the MAPs of experienced residents and
those of intermediate residents. This was observed for all
the tasks and MAPs.
Classiﬁcation
The results of the LDA performed for each task separately
and for all four tasks together are shown in Fig. 5. The best
results were obtained for the combination of all the tasks
together. Table 1. shows the results of this classiﬁcation in
a confusion matrix. In this matrix, the actual (ground truth)
classiﬁcations are in the rows, and the classiﬁcations pre-
dicted by the LDA are in the columns. The values on the
diagonal of the matrix, in bold type, count the correct
predictions of the LDA.
Discussion
The proposed classiﬁcation method correctly classiﬁed 23
of 31 participants based on their motor dexterity. This is a
good result, especially considering that explorative analysis
of the MAPs showed a clear distinction between novices
and the remaining participants, whereas the distinction
between experienced and intermediate residents was more
subtle. No signiﬁcant differences were found between the
MAPs of these two groups. Our method, however, was able
to classify 23 participants correctly (7 as experienced, 7 as
intermediate, and 9 as novice).
The proposed classiﬁcation method has the possibility of
classifying residents using a single training task as well as a
combination of tasks. This means that residents can be
classiﬁed based on their speciﬁc basic laparoscopic skills
(e.g., force application) and on a combination of these
skills (e.g., force application, cutting, and accuracy). Our
results showed that a combination of different tasks pro-
duces better classiﬁcation results.
Tests of the classiﬁcation method were conducted usinga
leave-one-out cross-validation, a commonly accepted
evaluation method [25, 26]. In this way, the classiﬁcation
method was trained using subjects different from those
tested. Tests were performed using a small data set of MAPs
for 31 participants. Most of the experienced laparoscopists
(80%) who participated in the study performed the four
tasks for the ﬁrst time. This indicates that experienced
residents were not necessarily ‘‘experts’’ in the tested tasks.
In contrast, all the intermediate residents had already
performedthetasksbeforeparticipatinginthestudy.Itcould
beexpectedthatlackofexperienceintestedtasksmayhavea
negative effect on the classiﬁcation. Our method, however,
was able to classify 23 of 31 participants correctly. We
believe that this is a promising result because the classiﬁ-
cationwasperformedonlyonasetofpsychomotortasks,and
all the results were cross-validated to eliminate overﬁtting.
Moreover, some natural overlap between the skills of the
three groups of residents is expected.
The results presented in Fig. 4 show that the equipment
used in the study had the ability to discriminate novices
from experienced residents, and novices from intermediate
residents. There were, however, no signiﬁcant differences
between the MAPs of intermediate residents and experi-
enced residents. Still, our method was sufﬁciently sensitive
to distinguish between experienced and intermediate resi-
dents. Therefore, a method that can correctly classify 74%
of residents in the three categories is believed to be quite
strong and realistic concerning what practitioners should
Surg Endosc (2010) 24:1031–1039 1035
123expect from classiﬁcation based on psychomotor skills
only.
We found no other studies that were able to distinguish
betweenthreeexperiencelevelswiththisdegreeofsensitivity
and speciﬁcity. Further work on the method should include
more validation studies with a larger number of participants,
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Fig. 4 Results of the pipe
cleaner, rubber band, beads, and
circle tests. The results are
presented as notched box and
whisker plots, in which every
box has a line at every quartile,
median, and upper quartile
value. The whiskers are
presented as lines that extend
from each end of the box to
show the extent of the
remaining data. The notches
represent the 95% conﬁdence
interval for the median. The
boxes whose notches do not
overlap are signiﬁcantly
different (p\0.05). A few
extreme outliers are excluded
from the plots to omit excessive
compression of the y-axis. The
data of the pipe cleaner (task P),
rubber band (task R), beads
(task B), and circle (task C) are
shown separately and after
averaging (all tasks). E
experienced, I intermediate, N
novice
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Fig. 5 Results of the classiﬁcation. Task P (pipe cleaner), task R
(rubber band), task B (beads), task C (circle), all tasks (averaged tasks
P, R, B, and C)
Table 1 Confusion matrix for linear discriminant analysis (LDA)
performed for the combination of the four (averaged) tasks together
Predicted
Experienced Intermediate Novice
Actual Experienced 7 30
Intermediate 2 7 1
Novice 1 1 9
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123differenttasks,anddifferentMAPs.Theavailabilityofalarge
numberofparticipantswouldyieldalargertrainingset,which
could improve the classiﬁcation result.
For the clarity of the report, the proposed classiﬁcation
method was tested using only motion analysis–based
parameters without any reference to the quality of the task
performed (e.g., number of errors). Therefore, a study to
investigate whether the addition of quality-based scores
improves classiﬁcation of residents is recommended.
Moreover, further studies should consider other surgical
skills (e.g., theoretical knowledge) as an input for the
classiﬁcation method.
Deﬁning a threshold level that allows residents to start
their clinical program is not trivial because no accepted set
of criteria exists to deﬁne a ‘‘proﬁcient surgeon.’’ There-
fore, we investigated whether a classiﬁcation method could
be used to recognize the experience category of residents
based on their psychomotor skills. Although experience
does not always reﬂect the level of actual skills and
expertise (see the work of Duncan et al. [27] for an analysis
in the context of learning to drive a car), we believe that
our method represents an important step toward develop-
ment of the needed (norm-referenced) proﬁciency criteria.
From the clinical point of view, it is necessary to ﬁnd
appropriate parameters that can measure the quality of
actions for an objective evaluation of residents’ operative
skills. Only with correct parameters and their combination
will it be possible to provide information about the level of
operative skill.
In this study, we introduced a method for objective
classiﬁcation of residents as experienced, intermediate, and
novice surgeons according to their basic laparoscopic
skills. With this method, information from various MAPs
calculated for different tasks is integrated without the need
for any user-deﬁned weighting factors. The classiﬁcation is
based on a set of training examples (residents with known
laparoscopic skills), so the problem of establishing the
threshold level (passing score) is solved.
The introduced classiﬁcation method is rather basic, and
because of its simplicity, it is used commonly in statistical
pattern recognition [17]. For implementation of this
method in the training of basic laparoscopic skills, only
input data (e.g., motions of the instruments) and a software
module are needed. Current virtual reality trainers, for
example, record movements of the instruments. Therefore,
implementation of a classiﬁcation method that includes
only some changes in the software could easily be included
in the software.
Review of the literature shows a lack of methods that
distinguish between residents of varying experience, espe-
cially when ﬁne gradations in experience must be detected.
Cotin et al. [4] introduced a standardized score based on the
information from ﬁve MAPs. The standardized score was
used to classify residents according to their basic laparo-
scopic skills. The classiﬁcation was based on the training
data of experienced residents only and did not account for
the distribution of MAPs for intermediates or novices.
Moreover, validation of the standardized score included
comparison of only experienced and novice residents.
In contrast to Cotin et al. [4], our method classiﬁes
residents based on a training set that includes data of
experienced, intermediate, and novice residents. Therefore,
our method is able to distinguish between residents with
ﬁne gradation in experience (e.g., experienced and inter-
mediate residents).
Another difference between our work and that of Cotin
et al. [4] is that our method does not use any user-deﬁned
weighting factors, whereas the standardized score does.
With our method, the whole process is data driven. The
threshold corresponds to the decision boundary, which is
automatically and optimally determined based on the
training data. This makes our classiﬁcation method simpler
and more general than the standardized score introduced by
Cotin et al. [4].
In practice, simpler methods are preferred because of
their generalizability and ease of implementation. Funda-
mentals of Laparoscopic Surgery (FLS) is a program
developed by the members of SAGES. With FLS, the
technical skills of surgeons are assessed based on the
McGill Inanimate System for Training and Evaluation of
Laparoscopic Skills (MISTELS) score [28, 29]. This score
is calculated for an individual task, taking only time and
accuracy (e.g. number of errors) into account [30].
Therefore, the MISTELS score does not provide informa-
tion about the actual psychomotor laparoscopic skills of a
resident, in contrast to our method that classiﬁes residents
based on their MAPs.
Any attempt to assess and classify the technical com-
petence of a resident objectively is difﬁcult for two rea-
sons. There is no clear deﬁnition of ‘‘competence’’ [15],
and operative skill is a combination of a resident’s
knowledge, judgment, and technical ability [31]. Technical
proﬁciency, nonetheless, seems fundamental to performing
surgery safely [15]. This is especially apparent in lapa-
roscopy, which is performed in a limited working area with
limited tactile perception and difﬁcult handling of the
instruments.
Our classiﬁcation method can determine the group to
which the resident belongs according to his or her basic
laparoscopic skills. It can provide an aid for deciding
whether the resident is ready to operate on patients, which
is a very important aspect when patient safety is consid-
ered. Due to the simplicity and generalizability of our
method, it should be easy to implement also in current
virtual reality trainers. The described classiﬁcation method
could be used for certiﬁcation and monitoring of a
Surg Endosc (2010) 24:1031–1039 1037
123resident’s progress, with additional motion analysis used to
give feedback on the nature of possible resident limitations
that need to be improved. An interesting extension of this
work involves using the classiﬁcation framework to iden-
tify residents who will not be able to acquire the necessary
basic psychomotor laparoscopic skills. This can be done by
analyzing patterns of skills acquisition.
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Appendix
Principal component analysis
Principal component analysis (PCA) involves calculating
an eigenvalue decomposition of the correlation matrix of
the MAPs. Given a set of input features (in our case, the six
averaged MAPs), PCA extracts a set of ‘‘principal com-
ponents,’’ each of which is a linear combination of the
input features:
PC ¼ w0   T þ w1   PL þ w2   DP þ w3   MS þ w4
  AA þ w5   V;
where w0, …, w5 serve as weights, T is time, PL is path
length, DP is depth perception, MS is motion smoothness,
AA is angular area, and V is volume.
The principal components are ordered according to the
amount of variance they explain. The ﬁrst component
accounts for as much of the variance in the data as possible,
and each succeeding component accounts for as much of
remaining variance as possible. Then the cumulative vari-
ance explained (CVE) forms a criterion for selecting the
number of principal components to be used in the linear
discriminant analysis (LDA).
In this study, the CVE showed that the ﬁrst two principal
components accounted for more than 90% of the variance.
The LDA was thus performed with the ﬁrst two principal
components.
The correlation matrix for the four (averaged) tasks is
shown in Table 2. This correlation matrix was calculated
with the data of all 31 participants. The results indicate that
time, path length, depth perception, and motion smoothness
were positively correlated. They were partially redundant.
A positive correlation also existed between angular area
and volume. The high correlations indicate that the use of
PCA is justiﬁed and that the data can be well described by
only a few principal components.
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